I Introduction
Our goal is to evaluate variations in rice yields for likely climate changes for Southeast Asia. To do so we integrate economic modeling with soil science crop growth simulation model, weather simulation model and global climate change models. We estimate impacts of climate change under two different climate scenarios, one assuming high future global anthropogenic pollution emissions, and the other assuming low future emissions.
While other studies have used crop growth models to assess future climate change impacts, this study is somewhat unique in that we draw data and run the crop model initially across more than 1000 crop-plots in Thailand, obtaining predictions that are signi cantly correlated with actual yields, and then generate climate impact predictions for 100 crop-plots. The running of cropgrowth models across such a large number of plots simultaneously is quite rare 1 , and allows for assessment of larger trends and impacts across the plots.
The economic, crop, weather and climate change models used here are all individually highly complex models, all requiring multiple inputs. Thus the process of obtaining the necessary input data and linking their operations and interactions is inherently challenging. However, the interdisciplinary integration of these models provides promising potential for evaluation of future climate change effects.
Our ndings are interesting in several ways. Comparison of the effects of two different future climate scenarios reveals existence of large variation in the effects of climate change on rice yields and correspondingly the types of adjustments farmers choose in response to different climate changes. Analysis of results from different stages of our integrated interdisciplinary model 1 New codes were written to augment the DSSAT crop model for large-scale batch processing.
illustrates the advantages of such integration, as well as the importance of adjustment choices made by farmers in the evaluation of climate effects on rice yields. This paper is organized into seven sections. Section 2 outlines the economic model. Section 3 describes the data. Section 4 discusses the modeling of climate change for Southeast Asia. Section 5 describes how we integrate economic, crop growth, weather and climate models. Section 6 presents our results. Section 7 concludes the paper.
II Modeling Rice Cultivation
Economic analysis of production traditionally assumes that production process occurs in one stage.
All input choices are made at the start of production. Within the single production stage, all inputs are utilized simultaneously and timing of input usage does not affect realized output. Inputs are de ned solely on the basis of their physical characteristics.
The single stage approach is ill-suited for analysis of agricultural crop production. Crop production is de ned by the process of a crop's biological growth. This biological growth consists of distinct, chronologically sequential phases. A crop's need for and responsiveness to a given physical input varies across different growth phases. Depending on the progress of crop growth, the farmer may want to adjust the amounts and types of physical inputs used in response to realized production shocks and observed crop state. As a result, input decisions are sequential in nature, and are not all made at the start of production. This is a source of endogeneity, as input decisions at later stages are based on realizations of production shocks in previous stages, some of which the econometrician does not see. Realized production shocks also alter farmer's expectation of production shocks in future stages by updating his information set.
With crop cultivation, each sequential stage can be thought of as a separate production subprocess with its own production function. We map the growth phases of biological development of the rice plant into economic production stages by matching the timing of production operations to the timing of plant development. First is the juvenile growth phase, during which germination takes place. It corresponds in the production process to planting of seeds and growing and transplanting of seedlings. The second is the intermediate phase, during which panicle initiation and heading occur. It corresponds to crop maintenance stage, which includes such operations as weeding and fertilizing. Third is the nal phase, during which grains ll and mature. It corresponds to harvest collection and storage.
Using this mapping, we construct a three-stage rice production function. Within each stage, several operations can be performed simultaneously. Output from the previous stage is an initial condition for next stage production subprocess. Input decisions are made at the start of each stage, after output from the previous stage is observed, before production shocks for the starting stage are realized, and with updated expectations based on history at that point in time. Let i index the three production stages and L i and K i denote, correspondingly, labor and capital inputs in stage i. 2 Let y i be output of stage i, with y 0 describing initial conditions of production such as plot characteristics. Let e i be production shock realized during stage i. Then output in stage i is y i D f i .y i 1 ; L i ; K i / exp .e i /, for i D 1; 2; 3, where f i is stage i -speci c Cobb-Douglas production function. 3 This three-stage production process is illustrated in gure 1. Substituting in recursively for intermediate outputs, we obtain a composite production function which describes nal harvest as a function of initial plot conditions, inputs and realized production shocks: y 3 D 2 To account for several operations performed simultaneously during stage i, L i and K i can be thought of as vectors of length J i , where J i is the number of operations performed in stage i. 3 Values of inputs, outputs and production shocks are plot-speci c. Plot indexing is omitted for simplicity of presentation.
This approach incorporates the two separate manifestations of sequential nature of crop production. One is a forward effect, where production shocks and input decisions from earlier stages affect initial conditions and therefore input decisions at later stages. The other is a backward effect, where input decisions at earlier stages are in uenced by their expected effect on inputs in subsequent stages.
At each stage, farmer chooses inputs to maximize expected pro ts. Let p denote the price of nal output, w i denote wage rate for labor used in stage i, and r i denote price of non-labor input used in stage i. Assume the farmer knows all current and future input prices for a given growing season, as well as nal output price. At the beginning of stage i, farmer solves:
Note that at this point in production process farmer does not yet know all information that determines actual amounts of inputs used in future stages -namely, he does not yet know the size of production shocks that will be realized during stage i. Therefore, farmer chooses optimal levels of stage i inputs based on expected values of input levels in future stages, where expectation is computed over the information set available to the farmer at the beginning of stage i.
Taking the rst order conditions, we get:
Note that the marginal cost of each input in stage i has two components. One is increase in current expenses on the input, measured by its price. Another is change in future expenses on inputs in future stages j > i that will be caused by adjustment of optimal levels of stage j inputs with respect to change in levels of stage i inputs actually used. 
III Data
Our data come from the Townsend Thai Project 6 . We focus on rice farmers in four villages in Sisaket province, located in predominantly rural and poor north-eastern part of the country. It is an unbalanced ve-year panel with monthly interviews. Data are on household-plot level, with many households cultivating several plots in a given year. A total of 137 households were surveyed, resulting in 1,030 overall observation points.
The data both cover a wide range of variables and provide rich detail within each variable group. We have monthly measures of both physical amounts and cost of labor, equipment and other non-labor inputs such as seeds and fertilizer used in separate production operations. We also have sets of measures of plot soil quality, household socio-economic characteristics, including non-agricultural wages of household members, and environmental data such as daily rainfall and the chemical composition of water sources 7 .
The fact that data were gathered monthly for each plot enables us to avoid imposing uniform bounds on stage timing and duration. Rather, we allow for plot-speci c timing and duration of stages. The fact that timing and duration of stages and of the overall production cycle vary across households and plots has several important implications. Stage timing re ects variation in a number of plot-speci c phenomena that determine it, such as plot characteristics, current state of the 6 crop, realized or expected production shocks and the farmer's approach to rice cultivation. By incorporating variation in stage timing we take advantage of these additional information contained in the data. Moreover, aggregate production shocks such as rainfall have different effect on different plots because they may hit these plots during different production stages. Thus using plot-speci c stage timing enables us to estimate the effects of changes in rainfall on rice cultivation with increased accuracy. We do not endogenize the planting decision however.
Rainfall shocks are of high signi cance for rice cultivation. Rice is a very water-demanding plant. Most rice cultivation in Thailand is rainfed and makes little use of irrigation. Farmers have to take the possibility of adverse rainfall shocks into account when making input decisions. We use historic daily rainfall to construct a measure of expected future rainfall at the beginning of each production stage. Although rainfall is an aggregate shock, expected rainfall varies across plots due to variation in stage timing. Soil type and slope also impact soil moisture, the key latent variable.
We need a consistent estimate for levels of intermediate outputs. One such measure is provided by DSSAT. DSSAT is a powerful computer crop growth prediction model, the Decisions Support System for Agrotechnology Transfer (DSSAT) 8 . The DSSAT system (Jones et al., 2003) takes in measures of non-labor and non-equipment production factors including quantities of seeds planted and fertilizer used, as well as inherent soil and climatic conditions. These include multiple measures of soil quality, actual historical data on daily variation in weather (precipitation, maximum and minimum temperature, solar radiation), individual crop cultivar genetic growth coef cients and the physical modeling and simulation of soil-plant-atmosphere interactions. It then simulates, day by-day, the biological growth of the plant growing on a uniform area of land under prescribed 8 DSSAT has been in use for more than 15 years, and has been used by researchers in more than 100 countries. The software is a coordinated system of multiple physical and biophysical models integrated by scientists to simulate the growth of crops, and has been maintained and supported by the International Consortium for Agricultural Systems Applications (ICASA). See: http://www.icasa.net/index.html or simulated management regimes, as well as with changes in soil water, carbon and nitrogen that take place under the cropping system over time. DSSAT tracks plant's growth with a large variety of dynamic indicators such as number of leaves per stem, root density and weight, stem and canopy weight, etc. For this study, highly detailed data on soil quality was gathered in each crop-plot, as well as data on farmer management inputs (including planting date, amount and type of fertilizer and herbicide, and quantity of seed planted) collected through the Townsend Thai Project. Thai rice genetic pro les and soil-depth pro les speci c to the study were used as inputs to DSSAT, along with daily weather data from the study area on precipitation, maximum and minimum temperature, and hours of solar radiation.
The great advantage of the DSSAT model is that it allows us to capture crop response due to purely climatic and soil conditions. Note, however, that DSSAT does not take into account labor inputs, farmer's decisions with regards to some production operations, or idiosyncratic shocks. In other words, DSSAT simulates plant growth due to exogenous climatic and soil conditions, but does not consider all factors and shocks under which rice cultivation occurs. DSSAT simulations are thus not exact measures of actual crop state. Rather, they are approximations of crop state that should occur under observed soil parameters, climatic conditions and crop inputs, as a result of quanti ed crop-speci c growth responses measured precisely in laboratory conditions. However, despite the high precision and accuracy of DSSAT crop-growth simulations, the software typically is not able to model certain particular and idiosyncratic environmental stresses that reduce crop growth from the optimal predicted amounts. Thus, DSSAT typically overpredicts actual crop states, 
IV Climate Change Impact Modeling

A Global Circulation Models
As an input into our process of climate change impact assessment, we make use of climate change Climate projections must utilize both climate models that can assess and predict natural climate variability, independent of anthropogenic impacts, but must also develop creditable scenarios that account for changes in atmospheric chemistry and global land cover due to demographic development, socio-economic development, and technological change (Nakicenovic et al., 2000) . In the scienti c literature, atmospheric changes due to anthropogenic emissions are referred to as the forced climate signal, as distinguished from the natural climate variability.
B Climate Change Scenarios and IPCC SRES
For this study, we have chosen to use climate change predictions based on an "ensemble-mean" output of more than 20 internationally reputable coupled global climate models, simulated under the oversight of the IPCC using a range of carefully constructed anthropogenic emissions scenarios, each based on different assumptions about future economic and technological development, including projections for future GDP and levels of consumption. These future emissions scenarios were developed for the IPCC by a coordinated team of scientists and economists (Nakicenovic et al., 2000) , and we use speci c regional predictions made for Southeast Asia under the ensemblemean of global climate models for the 2007 IPCC fourth Assessment Reports. Of course, the SRES scenarios, as with all economic scenarios of emissions and their reliability are a source of some controversy 13 . We accept them as given here, for this micro study.
The SRES scenarios are grouped into six "families", each making different projections regarding future greenhouse gas pollution and land use. The "highest emission trajectory", A1F1, assumes very rapid future global economic growth, the rapid introduction of new technologies, increasing global convergence and reduction in regional differences in per capita income. The Predicting the impact of these temperature and precipitation increases on future agricultural outputs and crop yields can be complex because, in general, increased precipitation tends to improve crop growth, resulting in higher yields, while temperature increases tend to add stress to plants and reduce plant growth. Of course, future crop yields under climate change will also be affected by economic factors, including possibly changes in agricultural technology or improvements in farmer inputs. Consequently, studies predicting the impact of these climate changes on future crop yields have produced mixed results, and it is further acknowledged that regional dif- Because future temperature increases due to climate change will tend to act as plant stressors and inhibit plant growth, while increased precipitation will in general have a bene cial impact, it is not clear that there will be a linear relationship between increased anthropogenic emissions, and either reductions or increases in crop yields, since the relationship between an individual crop's growth and temperature or precipitation changes is not linear.
V Climate Change Impact Modeling: Integration of Crop, Weather,
Climate and Economic Models
The integrated approach began by running DSSAT to simulate rice growth for 1,030 individual crop-plots in northern Sisaket province using multiple soil and farmer inputs collected for each plot during 1998-2002 (as described above). Although DSSAT overpredicted yields, as expected, the DSSAT predictions were positively and signi cantly correlated with yield variation across the plots for those years: speci cally, across the entire sample of more than 1000 plots for 5 years of data, a correlation coef cient of .09 was estimated that was signi cant with a probability-value of 0.005. This correlation provided con rmation of the predictive accuracy of DSSAT given soil, environmental and farmer crop inputs. The next step was to estimate the economic model. It was done with the same data on 1,030 crop-plots. Actual rain data were used to construct farmer's rain expectations. DSSAT predictions from the rst step were used to construct measures of intermediate output from stages one and two.
To simulate potential rice yields under likely future climate change scenarios, we simulated with a rst-order Markov-chain model in which the probability of rain on a given day is conditioned on whether the previous day was wet or dry. When a wet day is generated, the 2-parameter gamma distribution is used to generate the precipitation amount. Daily maximum temperature and solar radiation are sampled from normal distributions parameterized separately for wet and dry days, with sampling conditioned on precipitation occurrence. Distributions of solar radiation are truncated at 16 and 85% of extraterrestrial irradiance. Minimum temperature is sampled from a normal distribution independently of precipitation occurrence. Lag-1 auto-and cross-correlations among maximum and minimum temperatures and solar radiation are maintained by sampling random normal deviates from a trivariate autoregressive model (Richardson, 1984) . The nal values of the primary output variables are determined by adding the seasonal means and standard deviations to the generated residual elements. All parameters are estimated on a calendar-month basis.
Daily values are computed internally, using linear interpolation.
Using different random "seeds" to generate the initial vector of values used for the sampling, WGEN was used to generate 100 stochastic weather year realizations based directly on the statistics computed for the historical, 1972-2003, observed weather data for northern Sisaket. The resulting realizations provide 100 alternate stochastic future years of daily weather without any forced adjustment for an anthropogenic climate change signal. We refer to these weather realizations as describing a "neutral" scenario, assuming that future climate will be a direct, linear extension of the late 20th century within-year weather variability and multi-decadal daily amounts and monthly means for the key climate variables. These neutral scenario predictions were compared with predictions from the climate change scenarios.
To generate future likely weather with a forces SRES climate change scenario, the IPCC SRES predicted future changes to monthly precipitation and temperature for the Southeast Asia region were used to adjust the WGEN-calculated set of summary statistics for the 1972-2003 observed daily weather data. Then, WGEN was used to generate 100 multiple stochastic future weather years for each SRES scenario using the adjusted summary statistics to make the predictions. The result is likely future daily weather, conditioned directly on the means, variances and cross-probabilities of the observed 1972-2003 daily weather, but adjusted according to individual SRES scenario predictions for Southeast Asia.
Because of the uncertainty in future anthropogenic global changes (which may differ dramatically due to potential policy or technology changes) and their corresponding impacts on atmospheric emissions and pollution amounts, as well as to assess the range of likely possible impacts, we generated stochastic weather realizations for both the highest (A1F1) and lowest (B1) IPCC SRES emissions scenarios, using predictions for the Southeast Asia region, using predictions for the 2040-2069 time period.
The neutral and climate scenario realizations were then used as inputs to DSSAT, and rice yields were simulated for a strati ed sample of 100 plots from our study area. These 100 plots were drawn at random from our larger sample of 1,030 plots, with equal share drawn from each of ve years of actual data. This produced a distribution of 100 yields for each plot with variation in yields due to variation in the stochastic weather realizations. To assess the impact of climate change on yields, we used the climate change scenario-adjusted weather realizations, for the high and low emission scenarios, as inputs to DSSAT to again generate a distribution of 100 yields for each plot, for each scenario. This produced 300 yield realizations for each of 100 plots, with 100 realizations for each of neutral, high emissions and low emissions climate scenarios. Throughout these simulations, all non-weather inputs were kept the same for each plots, at values of the actual data from 1998-2003. In other words, no adjustment was made to inputs and timing from one weather realization to another. Thus, for a given plot, variation in assumed climate and weather realizations was the only source of difference in yields in the 300 DSSAT yield simulations for that plot.
The nal step was to use the three generated weather scenarios together with corresponding DSSAT crop simulations as inputs into estimated economic model and use it to predict yields.
For each plot, individual rain expectations were constructed for each of 300 weather realizations.
Similarly, measures of intermediate stage one and stage two outputs were constructed for each of 300 DSSAT simulations for a given plot. Estimation then proceeded in four steps. In the rst step, input levels for stage one were estimated. These estimates incorporated rain expectations for stage one and thus re ected variation in input usage due to difference in weather realizations. In the second step, estimates of levels of rst stage inputs were used together with DSSAT indicators of stage one intermediate output and stage two rain expectations to estimate levels of stage two inputs.
These estimates re ected variation in input usage due to both differences in weather realizations and adjustments made by the farmer in the rst stage. In the same manner we estimated levels of stage three inputs. We then used estimates of all inputs together with rain realizations as inputs into composite production function and estimated nal yields. These nal yields estimates integrated models of climate change, weather variations within each climate scenario, plant's biological development as modeled by DSSAT, and estimation of farmer's production choices as modeled by economic model.
VI Results
We rst provide a summary of the two alternative climate changes that we consider. These are high and low emission climates corresponding to middle range period as de ned by the IPCC SRES. Table 1 However under high emissions climate there is less rain in the second half of the year, starting in June, which is exactly the period of rice cultivation. Thus low emissions climate change brings moderate increase in temperature and more rain, while high emissions climate bodes both higher increase in temperature and less rain for rice cultivation.
DSSAT predictions are summarized in panel A of yields decrease under both high and low emissions scenarios, and these yield decreases are highly statistically signi cant. Yields are also lower under low emissions than high emissions scenario, despite the fact that low emissions climate is less extreme of the two. This may be due to the damaging effect on the crop of higher rainfall during the nal production stage, when grain is mature and harvesting takes place. Table 3 provides plot-level analysis of DSSAT predictions. First three rows of table 3 compare predicted yields, measured in kilograms per acre, when shifting from neutral to high emissions climate. For each plot in our sample of 100 plots, we test the equality of mean yields under neutral and high emissions climates. We then compute the percent of plots that have statistically signi cant change in yields. These numbers are reported in the rst row of table 2, separately for increases and decreases in yields, for 1, 5 and 10% signi cance levels. Second row of table 3 reports the actual size of mean yields change over plots where the change was statistically signi cant. To give the idea of the scope of yield changes, third row expresses mean yields change of row two in percent. In the same manner, rows four to six compare predicted yields when shifting from neutral to low emissions climate, and rows seven to nine compare yields when shifting from low to high emissions climate.
DSSAT predicts lower yields for about a third of the plots under both low and high emission scenarios. For these plots, decrease in yields is severe, ranging from 30 to 50%. Decrease in yields is stronger when shifting to low emissions scenario, under which both more plots are affected and the scale of yield decrease is higher. Note also that, comparing plots with decreased yields under low and high emissions climates, plots affected under low emissions scenario were more productive under neutral climate than plots affected under high emissions scenario.
DSSAT predictions thus suggest that yields decrease more under the milder low emissions scenario. Despite the fact that high emissions climate has less rain during the second half of the year while low emissions climate has moderately more rain throughout the year, farmers fare worse in low emissions climate.
Model predictions are summarized in panel B of table 2 and in table 4. Panel B of table 2 provides aggregate results for model predictions. As is the case with DSSAT predictions, model predicts lower aggregate yields under both high and low emissions scenarios when compared to neutral scenario. These yield decreases are again highly statistically signi cant. Similarly, yields are lower under low emissions then under high emissions scenario, although model predicts much smaller gap between the two. Table 4 provides plot-level analysis of model predictions and is constructed in the same manner as table 3. Rows one to three compare predicted yields, measured in kilograms per acre, when shifting from neutral to high emissions climate, rows four to six compare predicted yields when shifting from neutral to low emissions climate, and rows seven to nine compare yields when shifting from low to high emissions climate.
Model predictions are in stark difference with DSSAT predictions. First thing to note is that the fraction of sample experiencing statistically signi cant yield decrease under high emissions climate more than doubles compared to DSSAT. Yields go down for 68% of the plots, with the average decrease of about 13%. However, under low emissions climate yields actually increase for over 80% of the plots, albeit only by half a percent. For a small number of plots the crop has failed altogether under low emissions climate. Further, we also see that there is no difference in productivity for plots affected under low emissions scenario versus those affected under high emissions scenario.
Thus, according to model predictions, farmers manage to take advantage of the moderate increase in rainfall under low emissions climate. The majority of farmers do not experience large scale changes in yields. At the same time, there is a chance of complete crop failure. We next look if this risk is associated with soil quality or farmer's nances.
We look at the connection between yield changes and per capita income in farmer's household.
We compute the probability of household's per capita income being below the median 16 given that the household experienced statistically signi cant increase (decrease) in yields. We also consider differences in soil quality between plots with and without statistically signi cant yield changes.
We use two measures of soil quality. One is pH, which indicates the relative acidity or alkalinity of soil. Another is cation exchange capacity (CEC), which indicates soil's capacity to hold cation nutrients. CEC is determined by amounts of clay and humus in the soil and is not easily adjusted.
For both measures, we compute the difference in soil quality between plots with and without yield increase (decrease), expressed in percent. We also test for equality of mean pH and CEC values between plots with and without yield increase (decrease) and report the resulting probabilities.
These results are presented in table 5. Panel A contains results for yield changes signi cant at 1% level, panel B contains results for yield changes signi cant at 5% level, and panel C contains results for yield changes signi cant at 10% level.
Soil quality is not associated with yield changes no matter which climate change is considered. This is true for both DSSAT and model predictions. Household's income also does not correlate with yield changes, with one notable exception. We see that the few plots that experience crop model prediction incorporate adjustment to climate change through these two channels. In addition, we are able to utilize the multi-stage structure of our production function and adjust input levels in later stages according to adjustments made to inputs in earlier stages.
To summarize, DSSAT predictions of yield changes do not take into account any adjustments by farmers. Model predictions, on the other hand, make adjustments to all production inputs according to the estimates of farmer's input decision rules.
For the shift from neutral to low emissions climate, comparison of DSSAT and model predictions shows that taking into account farmer's response to climate change makes a substantial difference. Without input adjustments, we see statistically signi cant yield decrease of large magnitude in a third of our sample plots. Once farmer's responses to climate change are incorporated, the majority of plots do not experience yield decrease and even enjoy a slight increase in yields.
Farmers are thus able to adjust to climate change from neutral to low emissions scenario.
The role of farmers' adjustment to climate change is also evident in the shift from neutral to high emissions climate. Without input adjustments, we see statistically signi cant yield decrease of around 30% in a quarter of our sample plots. Once farmer's responses to climate change are incorporated, the fraction of sample experiencing yield decrease more than doubles but the magnitude of average yield decrease more than halves. Farmers thus respond to this more severe climate change with adjustments that prevent large crop failures, at the cost of reducing their yields by about 13%. In other words, farmers are unable to fully neutralize the effects of the more severe climate change. However, by adjusting their crop cultivation routine they are able to mitigate the adverse effects of this more extreme climate change scenario.
It should also be noted that under milder climate change from neutral to low emissions scenario, farmers do not nd it necessary to adjust their cultivation methods suf ciently to reduce the chance of crop failure. Our results thus suggest that various climate changes pose different challenges to the farmers. One is overall reduction in yields, when crops do not fail but are less productive.
Another is crop failure on a large scale. It appears that there is a trade-off in adjustment techniques for these two challenges. Under less severe climate change large crop failure may be a result of bad weather draw, so farmers choose adjustment that maintains their yields but does not guard against crop failure. Under more severe climate change any weather realization can lead to large crop failure, and so farmers switch the adjustment technique to preventing large crop failure at the cost of lower yields.
VII Conclusion
In this paper we integrated models from several different disciplines to assess the effect of climate change on rice production in Thailand. We considered two alternatives for climate change, one more extreme with higher temperatures and lower rainfall, another more mild with smaller temperature increase as well as moderate rainfall increase.
Our results illustrate the complexity of climate change effects on rice yields. Milder climate change does not necessarily mean smaller adverse effect on yields. In addition, it appears that different climate changes call for different adjustment strategies by farmers, and these adjustment strategies are not necessarily complimentary. Our results also illustrate the scope of farmers' ability to counter climate change, and thus the importance of accurate modeling of farmers' decisions.
Overall farmers are unable to neutralize the adverse effects of the more extreme climate change.
However, they are able to cope with milder climate change and even bene t slightly from small increases in rainfall. We nd that farmers' ability to adjust to climate change is not correlated with soil quality of their land or their incomes. One notable exception to this is that while most farmers manage to adjust to milder climate change, poor farmers are less able to do so.
It should be noted that in our analysis we consider only farmers' adjustment through input decision rules, namely, their choices of levels of production inputs. We do not model or incorporate possible changes in timing of input usage. We also do not consider broader adjustments such as changes in the type of crop grown or migration. As a result, our ndings may overstate both yield changes and implied welfare effects due to climate change. 
